Activated myeloid cells and astrocytes are the predominant cell types in acute multiple sclerosis (MS) lesions. The 24 polarization states of these cells play a critical role in lesion formation and resolution. To identify myeloid and 25 astrocyte subsets present during lesion development, we profiled the cellular composition of an acutely demyelinating 26
Introduction 34
Multiple sclerosis (MS) is a common neurological disease, characterized by formation of inflammatory demyelinating 35 lesions in the central nervous system (CNS) [21] . Inflammation is driven by infiltrating lymphocytes and monocytes, 36 in concert with resident activated microglia and astrocytes. Macrophages and reactive astrocytes are the most abundant 37 cell types in acute lesions [14, 24] . These cells are highly plastic and can adopt pro-inflammatory, anti-inflammatory, 38 neurotoxic, neuroprotective, and tissue-regenerating functions [3, 5, 6, 18, 23, 34] . 39
Evaluating these cell phenotypes in situ is challenging. Previous studies have identified macrophage phenotypes in 40 MS lesions based on the expression of single classical (M1) and alternative (M2) activation markers; however, those 41 studies have produced limited and sometimes conflicting results [5, 34] . Moreover, a recent study of traumatic brain 42 injury in mice demonstrated random expression of M1/M2 polarization markers in infiltrating macrophages in 43 seemingly incompatible combinations [12] . This suggests that the M1/M2 polarization paradigm, which originated as 44 an in vitro concept, is of limited value for characterizing myeloid cells in the inflamed CNS [28] . Instead, macrophages 45 within MS lesions exhibit complex phenotypes that cannot be captured by one, or several, M1/M2 markers, but instead 46 require high parameter evaluation. 47
Powerful new technologies, such as mass cytometry (CyTOF) and single cell RNA-sequencing, make it possible to 48 explore the heterogeneity of individual cell types. However, these methods do not capture the spatial information 49 contained in tissue, such as distribution and interactions of cellular subpopulations. This problem can now be 50 overcome with a novel imaging technology, imaging mass cytometry (IMC), which allows for quantitative profiling 51 with up to 37 antibodies on a single tissue section. Like CyTOF, IMC relies on metal isotope-labeled antibodies, and 52 combines immunohistochemistry with high-resolution laser ablation followed by time-of-flight mass spectrometry 53 [35] . In parallel, novel computational tools have become available to extract single-cell information from highly 54 multiplexed histological data. 55 We applied IMC and single-cell analytics to two active MS lesions -one acutely demyelinating and one active but 56 post-demyelinating -to examine the cellular heterogeneity of myeloid cells and astrocytes, based on thirteen immune 57 function markers. We demonstrate here that multiplexed tissue imaging, in combination with the appropriate 58 computational tools, can extract previously unattainable information on single cells from histological sections. This 59 includes cellular subpopulations and their distribution within the lesion environment, specific cell-cell interactions,To determine possible transitions between phenotypes, we applied Potential of Heat-diffusion Affinity-based 112
Transition Embedding (PHATE) mapping and Pseudotime to the myeloid cell and astrocyte populations. PHATE 113 mapping improves on t-SNE by better visualizing phenotype transitions, where smooth continua from one phenotype 114 to another indicate a transition trajectory [19] . Rather than a rim-to-center continuum that aligned with the sequential 115 organization of phenotypes in the lesion, our analysis showed only a partial continuum between the G/WM outer rim 116 phenotype (m1) and the lesion center phenotype (m2) (Figure 4d) Myeloid phenotypes separated into lesion rim (m3), perivascular space (m4), and NAWM (m7) zones (Figure 6a ). In 126 contrast to the early lesion, the other six myeloid phenotypes were intermixed throughout the lesion center. These 127 phenotypes showed a low degree of separation on the t-SNE plot, indicating similar marker expression profiles (Figure  128 5c). The phenotypes in the lesion rim and the perivascular space (m3, m4) were characterized by high expression of 129 the majority of markers, and shared a similar expression profile with the G/WM rim phenotype in the early lesion 130 (m1) (Figure 5a, b) . Other myeloid subpopulations did not overlap between the two lesions. Phenotypes in the lesion 131 rim (m3) and perivascular space (m4) were significantly larger than the lesion center phenotypes ( 
Phenotypes in the early and late acute lesions engaged in specific cell-cell interactions 150
We next investigated the spatial relationships between different phenotypes with a computational tool integrated into 151
histoCAT that performs an unbiased, systematic analysis of pairwise phenotype interactions and avoidances [29] . 152
After excluding interactions between cells of the same or spatially adjacent phenotypes, our analysis demonstrated 153 distinct interaction signatures for both lesions, (Figure 8a, b) . At a significance cut-off of p < 0.01, these included 154 interactions between inner rim myeloid phenotype m3 (MerTK and CD45 high) and astrocyte phenotype a1 (Mac2 155 high), as well as interaction of highly activated myeloid rim phenotype m1 and the rim/center phenotype m4 (HLA-156 DR and ferritin high) with astrocyte phenotype a2 (HLA-DR high) in the early lesion. In the late lesion, highly 157 activated perivascular macrophages (m4) interacted with most myeloid cell phenotypes and both astrocyte phenotypes. 158
There were also significant interactions between myeloid and astrocyte phenotypes m6 and a1, and among lesion 159 center myeloid phenotypes (m6 with m7 and m8). At a significance cut-off of p < 0.05, we found that T cells in the 160 late lesion interacted with myeloid phenotypes in the perivascular space (m4), which expressed HLA-DR, and in the 161 lesion center (m8). 162
Influence of lesion environment on marker expression
Finally, we used spatial variance component analysis (SVCA) to model the effects of extrinsic factors (neighboring 164 cells and non-cellular environmental stimuli) and cell-intrinsic factors on variations in cell marker expression [2] . In 165 the rim of both lesions, the expression of several markers was highly influenced by neighboring cells, including CD86, 166 PLP, and Mac2 in the early lesion, and CD86, PLP and LAMP1 in the late lesion. Other markers, such as ferritin, 167 vimentin, and CD3 (early lesion), and ferritin, vimentin, and TIM-3 (late lesion), were driven predominantly by non-168 cellular environmental stimuli (Figure 8c, d) . The relative influence of these factors changed toward the inner lesion 169 rim and center, leading to an overall increased impact of cell-intrinsic factors and a decrease in the influence of external 170 factors. In the lesion center, the primary agents influencing marker expression were cell-intrinsic factors and, to a 171 lower degree, environmental stimuli (Figure 8c, d) . 172
173

Discussion
174
Our study examines the landscape of myeloid and astrocyte phenotypes in early and late acute MS brain lesions using 175 imaging mass cytometry. To our knowledge, this is the first application of highly multiplexed imaging to MS lesions. 176
We applied thirteen glia-related markers to MS lesions, which clustered myeloid cells and astrocytes into eleven 177 phenotypes. The phenotypes localized to different lesional zones, suggesting functional specificity. We further 178 characterized specific spatial interactions between phenotypes, examined phenotypic transitions within lesions and 179 determined the effect of cell-extrinsic and -intrinsic factors on marker expression in individual cells. Thus, our study 180 demonstrates that highly multiplexed imaging, combined with computational tools, provides a wealth of data on 181 cellular spatial organization that is not accessible with standard histology. 182
Our findings contrast with recent attempts to cluster myeloid cells in experimental autoimmune encephalomyelitis 183 (EAE), a mouse model of MS, with single-cell cytometry [20] , and in white matter MS lesions with RNA-sequencing 184 data [10] , which resulted in only two myeloid cell subpopulations, respectively. The higher number of clusters in our 185 study might be explained by the targeted set of markers, which are relevant to glial biology. In contrast, RNA-186 sequencing emphasizes highly expressed genes, and might not detect low-expression genes or subtle differences in 187 gene expression that may be important for glial phenotype clustering. 188
We found that the myeloid cell phenotypes separated into different layers within the lesion, including the NAWM, 189 outer and inner lesion rims located in the WM or mixed G/WM matter, and the lesion center. This alignment of as urea and L-ornithine that contribute to tissue repair [7, 16] . 214
Using PHATE mapping and Pseudotime to determine transitions between phenotypes, we did not find that myeloid 215 cell or astrocyte phenotypes developed along a linear transition continuum, i.e. from the outer to the inner lesion rim 216 and lesion center. Instead, the different phenotypes branched into multiple independent trajectories, suggesting that 217 they emerge within the lesion environment independently from each other. We cannot exclude that the parametricdepth of our study is too low to detect transition states, especially since Pseudotime has been developed to delineate 219 phenotypic trajectories from whole transcriptome sequencing data [33] . Nevertheless, since clustering with our set of 220 markers resulted in lesion zone-specific phenotypes, it is conceivable that the same markers can be used to trace 221 transitions between the lesion phenotypes. 222
Neighborhood analysis demonstrated distinct cellular interaction signatures for both lesions, e.g. between phagocytic 223 macrophages in the inner rim and center astrocytes in the early lesion, and between T cells and myeloid phenotypes 224 in the late lesion. Thus, interactions in the hypercellular lesion environment are not random, but occur between specific 225 subpopulations and cell types such as lymphocytes. The low parametric depth of our study does not allow us to identify 226 the functional implications of these interactions; however, they may represent nodal points of cellular communication 227
that are key for lesion formation and maintenance of low-grade lesional inflammation. 228
Finally, spatial variance component analysis (SVCA) suggests that cell-extrinsic factors drive marker expression to a 229 higher degree at the rim than in the lesion center. Conversely, cell-intrinsic factors have a more prominent influence 230 on marker expression in the lesion center than at the rim. This indicates that glia cells in the lesion rim are more 231 responsive to cues from the microenvironment, such as cytokines or receptor-ligand interactions, while glia responses 232 in the lesion center are more affected by cell-intrinsic programs such as cellular changes that are set in motion by 233 myelin phagocytosis. 234
In summary, we found that phenotypic clustering, determined through differential expression of thirteen markers, 235 produced multiple myeloid cell and astrocyte phenotypes that occupied specific lesion zones in the early acute lesion, 236 and were more randomly distributed in the late lesion. Myeloid cells were activated along a rim-to-center axis, and 237 specific myeloid cell-astrocyte-lymphocyte interactions were present in both lesions. Thus, our study highlights the 238 potential of imaging mass cytometry and other highly multiplexed imaging techniques [4,8] to provide insight into 239 lesion-forming phenotypes and their spatial formation. In addition, our study provides novel insight into the dynamics 240 of phenotypes and their spatial organization in MS lesions over time. 241
The study is limited by the small sample size and the small number of markers, which does not allow for deep 242 functional characterization of phenotypes. In ongoing studies, we are combining clustering based on single nuclear 243 RNA-sequencing data of glial cells, derived from MS lesion tissue, with highly multiplexed imaging of the same 244 lesion, to simultaneously obtain maximal parametric depth and high spatial resolution at single-cell level. This willeventually define the phenotypes and key interaction networks that drive active demyelination and chronic, low-grade 246 inflammation in established lesions and may provide targets for therapeutic intervention in relapsing and progressive 247
MS. 248 249
Materials and methods 250
MS lesions. 251
Human CNS tissue was obtained at autopsy from two patients with relapsing-remitting MS according to Institutional 252
Review Board-approved protocols. After autopsy, brain tissue was fixed in 10% formalin, and lesions were cut based 253 on MRI. Lesion tissue was subsequently embedded in paraffin and sectioned at 5 µm thickness. 254
A highly inflamed, active lesion was chosen for analysis from each patient: the actively demyelinating lesion was 255 selected from a 42-year-old male with 5 years disease duration (5.5 hour post mortem interval), while the post-256 demyelinating lesion was chosen from a 32-year-old female with 6 years disease duration (8 hour post mortem 257 interval). Lesions from both patients have been characterized in previous studies [7, 22] . 258
Brightfield histology. 259
For basic characterization, lesions were stained against CD68, myelin basic protein (MBP) and neuronal marker 260 MAP2, and examined with brightfield microscopy. De-paraffinized and rehydrated sections were subjected to antigen 261 retrieval in pH 6, 10 mM citrate buffer at 96°C for 20 minutes, cooled, quenched in 0.3% peroxide, and blocked with 262 FC receptor binding inhibitor and normal serum before incubation with primary antibody (Table 1) 
Antibody validation and conjugation to metal isotopes for IMC. 272
Several lanthanide-conjugated antibodies were purchased from Fluidigm (Markham, ON, Canada). Antibodies not 273 available in metal-conjugated form were purchased in carrier-free solution and validated by brightfield 274 immunohistochemistry using the appropriate isotype control antibodies. Subsequently, antibodies were conjugated to 275 lanthanide metal isotopes following the Maxpar® Antibody Labeling Kit protocol (Fluidigm). Metal-conjugated 276 antibodies were stored at 0.5 mg/mL in PBS-based Antibody Stabilizer (Candor Bioscience, Wangen, Germany) with 277 0.05% sodium azide at 4°C. Working concentrations for all metal-conjugated antibodies were optimized by IMC 278 (Table 2) on MS lesion tissue. 279
Imaging mass cytometry. 280
For IMC histology, tissue sections were de-paraffinized and rehydrated, and antigen retrieval was performed in pH 8, 281
1 mM EDTA buffer at 96°C for 20 minutes. Sections were cooled at room temperature and rinsed in tap water and 282 TBS (20 mM Tris with 500 mM NaCl, pH 7.5). Tissue was blocked for 3 hours at room temperature with 0.3% BSA, 283 25% FBS and 0.1 mg/mL FC receptor binding inhibitor in TBS-T (TBS + 0.05% Tween-20). All antibodies (Table 2) 
Computational analyses. 294
Single-cell segmentation. Merged CD68 (macrophages/microglia), S100B (astrocytes), and CD3 (T cells) antibody 295 channel images were used to segment single cell objects on CellProfiler (version 3.0.0) [11] . The resulting 296 segmentation mask images, which outline cell borders, were loaded into histoCAT with corresponding antibody 297 channel images.
Identification of cellular phenotypes. Mean single-cell marker intensity values were extracted from segmented 299
antibody channel images on histoCAT and Z-score normalized. Based on the expression intensities of thirteen markers 300 (Table 2) , cell clusters were defined using the PhenoGraph algorithm [15] integrated into histoCAT. Default 301 parameters with 75 nearest neighbors for the early lesion and 50 nearest neighbors for the late lesion were used. These 302 nearest neighbor values were chosen such that over-and under-clustering of phenotypes were avoided. Additional 303 normalization steps were performed internally, as previously described [29] . 304
Analysis of cellular phenotypes. To visualize clusters, the Barnes-Hut t-SNE algorithm implemented in histoCAT was 305 executed with the same image and marker inputs used in PhenoGraph, as well as default parameters (initial 306 dimensions, 110; perplexity, 30; theta, 0.5) and internal normalization [1, 29] . t-SNE plots were colored to highlight 307 clusters or show relative marker expression intensity. Images of cell phenotypes visualized in the tissue, as well as 308 segmentation masks overlaid with histology images, were generated in histoCAT. For the remaining analyses, ".csv" 309 files containing single-cell parameters were exported from histoCAT and appropriately processed for their application. 310
To produce an expression heatmap for clusters, normalized marker intensity values were processed using the R 311
ComplexHeatmap package, which hierarchically clusters single cells within clusters using Ward's method [30] . Violin 312
plots showing single-cell marker expression variability for each cluster were generated using the R ggplot2 package 313 Analysis of cell spatial relationships. To study the spatial relationships of cell clusters, neighborhood analysis was 323 performed on histoCAT using the PhenoGraph-generated clusters pertaining to each lesion. Significant pairwise 324 phenotype interactions and avoidances were determined by an unbiased permutation test which compared the 325 frequency of one cell type neighboring another to the frequency in 999 random permutations of cell cluster labels. Pseudotime analysis of myeloid cells shows a similar trajectory to PHATE mapping. Phenotype color schemes on the 522 PHATE and Pseudotime plots reflect the color palettes specific to each analysis. Scale bar for a-c = 200 µm. R = rim; 523 C = center; PVS = perivascular space; NAWM = normal-appearing white matter. Source data is available in a GitHub 524 repository (see data availability statement). 525 Source data is available in a GitHub repository (see data availability statement). 528 to each factor in different lesion zones. G/WM = gray and white matter; WM = white matter; PVS = perivascular 549 space; NAWM = normal-appearing white matter. Source histoCAT session and SVCA data are available in a GitHub 550 repository (see data availability statement). 551 
